Abstract 9 Dwellings in the UK account for about 25% of global energy demand, of which 60% is space heating 10 making this a key area for efficiency improvement. Dwelling UK Energy Performance Certificates (EPC) 11 are currently based on surveyed data, rather than energy use monitoring. The installation of smart 12 meters provides an opportunity to develop an EPC based on in situ dwelling thermal performance. 13
INTRODUCTION

28
The domestic sector in the UK accounts for 25% of energy demand [1,2], while space heating accounts 29 for almost 60% of this total [1], making it a key area for efficiency improvements. Meanwhile, trends 30 in energy use reduction in homes do not appear on track to meet UK climate targets [3] , while flagship 31 policies for improving efficiency such as the Green Deal have not been successful [4] . 32 Roels [5] and Yilmaz et al. [6] highlighted that there is a lack of established methods for estimating the 33 as-built thermal performance of dwellings in the UK in a manner which can be cost-effectively scaled 34 to large numbers of dwellings. The Energy Performance Certificate (EPC) [7] is currently the most 35 widespread assessment and delivers normalised energy demand estimates based on building 36 characteristics derived from an on-site inspection. This approach has come under extensive criticism 37 [2, [8] [9] [10] [11] [12] [13] [14] [15] [16] . Most notably, the on-site inspection is costly (£60-120) [17] , intrusive, and subjective, 38 resulting in significant variation in delivered certificates depending on the inspector [18] , limiting its 39 application to situations where regulation has made it compulsory. It furthermore relies on 40 assumptions for many key values, limiting its ability to deliver as-built thermal performance. The EPC 41 is frequently incorrectly interpreted as reporting real as-built consumption, rather than a normalised 42 value based on assumed construction. 43
There are many challenges to obtaining reliable performance estimates for dwellings, and as a result 44 there are widespread observations of a 'performance gap' between expected and measured total 45 energy demand [19] [20] [21] . This has been taken by some as evidence for the rebound effect [22, 23] , but 46 is likely better described as a 'credibility gap' [24, 25] caused by limitations of the assessment methods. 47
Alternative approaches to in-situ measurement of dwelling thermal performance have been presented 48 in [26] [27] [28] [29] [30] [31] [32] . 49 The installation of smart meters in UK dwellings that collect and transmit energy readings in real time 50 enable new approaches to energy demand modelling thanks to the data they provide [33, 34] . The aim 51 of the research presented in this paper is to develop a method to characterise "as-built" thermal 52 performance of individual UK dwellings with respect to heating, independently of occupant thermal 53 behaviours, that can be performed rapidly and non-intrusively at scale, using smart meter data 54
collected from large numbers of dwellings. 55 To achieve this aim, the newly developed 'Deconstruct' method is presented, which is the name given 56 to the combination of a grey-box physical model linking metered energy demand to the building 57 thermal balance and internal temperature, and a data sampling method and model-fitting algorithm 58 to infer thermal and temperature model parameters. Deconstruct can infer several physical variables 59 separately from occupant-driven ones by using known building physics to describe the relation 60 between weather conditions and power demand. This work focuses on the estimation of the whole 61 building Heating Power Loss Coefficient (HPLC), which combines the fabric Heat Transfer Coefficient 62 (HTC) with the space heating system efficiency and enables the characterisation of heating 63 performance of dwellings. 64
The method aims to be scalable in that it may readily be applied to large numbers of dwellings without 65 incurring significant manual effort, costs, or being computationally prohibitive. Minimising the need 66 for manual intervention implies that the approach should be robust with respect to data quality and 67 the effects of confounding factors, such as occupants. This motivates the use of a grey-box model 68 avoiding the need for internal dwelling measurements beyond the smart meter. 69
THEORY
70
This section defines the Heating Power Loss Coefficient (HPLC) in terms of metered power demand 71 using a steady-state grey-box model of the heating and base load demand and relates it to the Heat 72
Transfer Coefficient (HTC), which can be measured by a co-heating test. The dwelling steady state net 73 heat flow rate (kW) is defined using established formulations of dwelling heat transfer processes, 74 calculating the thermal balance as the sum of contributions to heat flow in/out of the dwelling. A 75 model of dwelling internal temperature is also defined. Linking functions are defined describing the 76 dependence of metered energy demand (kW) on the thermal balance. 77
Heat Transfer Coefficient
78
The Heat Transfer Coefficient (HTC) (kW/˚C) of a dwelling is an indicator of overall steady-state 79 dwelling fabric thermal performance. It has been defined in co-heating tests as the absolute change in 80 quasi-steady-state dwelling heat flow with change in temperature difference between the internal and 81 external environments, controlling for solar gains [32, [35] [36] [37] , as shown in eq. 1 where = − 82 . Co-heating tests produce an accurate measurement of whole-building performance by carefully 83 monitoring the energy necessary to maintain an unoccupied building at a set internal temperature, 84 controlling for solar gain, over a period of several days to several weeks [35] . 85
The dwelling net heat flow is given by eq. 2 in terms of the fabric transmission losses, ventilation 87 losses, solar gains, and base-load gains. 88
The fabric heat transfer is given by eq. 3 as a function of whole dwelling heat transfer coefficient 90 and the internal-external temperature difference following [35] .
combines direct heat 91 transfer from internal conditioned space across the fabric to the external environment, as well as heat 92 flows to the ground, to unconditioned spaces, and to adjoining buildings, and assumes that there is a 93 single thermal zone and that the effect of ground temperature difference is negligible. 94
Linearisations of total solar gains as a function of irradiance (eq. 4) and ventilation heat loss 96 (eq. 5) are used, based on co-heating test methods [36, 37] . In these equations, is the 97 effective solar aperture (equivalent surface area of building which absorbs solar energy) and is the 98 effective volumetric air flow rate constant for the dwelling. Values and are the specific heat 99 capacity and density of air. 100
The thermal gains from energy used in lighting, appliances, plug loads, and water heating are 103 captured in the base-load parameter . We introduce a parameter , where 0 ≤ ≤ 1, describing 104 the fraction of base-load power that contributes to the net internal thermal gains (eq. 6). 105
Metabolic gains from occupants can contribute moderately to dwelling energy balance, as these 107 are of the order of 0.06kW per occupant [7] while metered baseload power is of the order of 0.5kW 108 (see Section 5) and heating system power of the order of several kW. These are not considered in the 109 definition of the HTC as co-heating tests are performed on unoccupied dwellings, but should be 110 included for the occupied dwelling heat balance. Occupant thermal gains are not considered to be 111 seasonally dependant in building standards [7] . 112
Heating power , equal to the net losses is needed when the net heat flow is negative ( < 113 0). The heating system power required to meet the heating demand power , is a function of 114 the mean heating system efficiency (eq. 7). 115
The total dwelling metered power demand can therefore be modelled using the piecewise 117 function eq. 8. Outside of the heating regime = . 118
HTC can be expressed in terms of total metered power demand instead of heat flow . Analysis 120 conducted in [38] determined that base-load power demand is not temperature dependent implying 121 that ⁄ = 0 , while occupant gains can also be assumed not to be correlated with 122 temperature so ⁄ = 0. Therefore, the change in power demand with change in temperature 123
can be simplified and the definition of HTC (eq. 1) substituted to derive eq. 9. 124
As < 0, | | = − , total power is therefore given by eq. 10. 126 Substituting eq. 11 into eq. 10 gives the total power demand during the heating regime (eq. 12). 134
Heating Power Loss Coefficient
As eq. 12 depends on the internal temperature and this is not widely monitored, it was necessary to 136 define a model of internal temperature, which is described in Section 2.3. Incorporating a linear 137 internal temperature model (eq. 15) gives a linear expression for during the heating regime 138 (eq. 13), taking into account the internal temperature coefficient . 139
We can therefore calculate the HPLC, which characterises energy loss from the dwelling fabric and 141 heating system, using the derivative of metered with respect to external temperature (eq. 14). 142 This implies that it is possible to infer the HPLC using only remotely collected smart meter and climate 143 data. A robust approach to performing this inference is described in Section 3. 144 temperature profiles that the majority of dwellings adopted one of four typical patterns, with 158 relatively little difference between weekdays and weekends, supporting the simplifying assumption 159 that heating schedules are roughly constant. 160
Parameter is set in this work as an average value as a first order approximation, making it possible 161 to infer HPLC in the absence of measured internal temperature data. is estimated on a per-site 162 basis. 163
METHOD
164
Deconstruct enables the inference of , , , and ; we focus in this paper on the as 165 a measure of dwelling thermal performance with respect to heating. This parameter incorporates the 166 transmission, ventilation, and heating system losses of the dwelling, thereby covering key physical 167 determinants of dwelling heating demand i.e. HPLC is an indicator of how energy efficient a house is 168 at providing space heating. In order to infer dwelling parameters from metered energy demand data, 169 a 'post-hoc control trial' methodology was developed, which makes use of a structured sampling of 170 accumulated smart meter data to produce robust parameter estimates. This approach takes 171 advantage of the simplicity and low cost associated with accumulating smart meter data over a long 172 period. During this collection period, natural variability in weather and power demand will result in a 173 subset of days during which conditions are optimal for inferring dwelling parameters using the 174 simplified thermal model. Suitable filters were defined to avoid over-fitting of data by limiting the 175 assumptions made for filtering. 176
One full year was used of daily average data including total metered energy, external temperature, 177
and solar irradiance for a dwelling. Daily average data was deemed to be suitable for steady state 178 approximation based on previous findings. [44] found that although work on co-heating in [36] found 179 that 3-day averages were needed to achieve a steady thermal state in a co-heating test, when 180 considering metered data the additional variance under real-world use conditions resulted in there 181 being effectively no change in results between 1-day and 3-day averages, while the reduction in 182 dataset size caused the uncertainties in the inferred model coefficients to increase substantially. 183
Total power was calculated as the sum of metered electricity and gas , thus accounting for 184 all heat sources including secondary heating (which applies to many dwellings [45] ), in which case the 185 HPLC will encompass the combined losses from the various heating systems. Dwellings were required 186 to have no more than 50% missing daily values. Significant un-metered heating energy (e.g. wood, coal 187 or oil burning) could not be accounted for but is not common in the UK where homes have both gas 188 and electricity. 189
Parameters and must be set independently before it is possible to infer . In the absence 190 of internal temperature monitoring, may be set to a common value for all dwellings under analysis 191 (for example a nationally representative value). An approach to determining a value for is 192 presented in Section 3.3.
193
The values of and heating system efficiency do not affect the inference of HPLC. As is 194 assumed to be constant it will not affect the change in energy demand with temperature, while is 195 integrated in the definition of HPLC and therefore there is no need to make an assumption for its value 196 when estimating HPLC. For the purposes of the parameter inference, the base-load gain parameter 197 was set to 1 as a simplifying assumption made on the basis that most energy transferred into a dwelling 198 will eventually be dissipated as heat. Further study could be made to establish a more realistic value 199 for this parameter, this would not affect the inferred HPLC results. 200
The base-load is estimated from a dwelling data sample selected using the filters described in 201 Section 3.2, which are designed to select non-heating days. 202
The is inferred following the approach in Section 3.3.2 using as input a low solar gain subsample 203 of the data selected using the filtering approach described in Section 3.3 and the base-load power . 204 and may be inferred as shown in Table 1 , but this is not discussed in the scope of this paper. A 205 summary of the model inputs and outputs and the source of each parameter (input data or model 206 inference) can be found in Table 1 , while a summary of the steps is shown in Figure 1 . 207 
Data filters
214
This section describes the data filters, required to prepare the input data and derive the sub-samples 215 described shown in Figure 1 and Table 1 . 216
Error filter 217
Rows where gas, electric, or total power were zero or missing were removed. 218
Outlier removal 219
Existing literature determined that the modified Z-score approach is suitable for outlier identification 220 and removal in energy data [46] [47] [48] . This calculates an outlier metric based on dataset medians instead 221 of means, making the filter more robust to highly skewed distributions. It is important that the outlier 222 filter is applied only after filtering for errors because these values can affect the median calculation 223 and result in incorrect identification of outliers. 224
Absence filter 225
To remove days where the building appeared to be unoccupied, it was assumed that heating demand 226 should increase monotonically as external temperature decreased for a dwelling with a normally 227 operating heating system. A filter was applied which selected a power cut-off value defined as follows. 228
The power demand for the highest temperature data point in the sample was used as a lower 229 cut-off threshold for the power value, removing all points where < ( Figure 2 ). As the 230 occupancy state is effectively inferred from the energy demand, dwellings which are occupied but not 231 heated will appear identical to unoccupied dwellings. 232
233
Figure 2: Illustration of absence threshold filter applied to a low-solar gain sample with errors and 234 outliers removed. a) shows the input sample with the power demand for the highest 235 temperature data point in the sample highlighted (red circle and annotation). b) demonstrates the 236 effect of the absence filter by showing the resulting output sample and the removed data points. 237 3.2 Base-load power sample The application of these filters is illustrated using a single site in Figure 3 , demonstrating that the solar 268 gains filter has the largest effect. It is critical that the outlier filter be applied only after the desired 269 subset of data has been selected through the low solar gain filter in order to ensure that the outlier 270 filter does not mark points in the heating regime as outliers relative to the median power demand. For dwellings without measurements, factor is set using the nationally representative Energy 277 Follow Up Survey (EFUS) dataset (described in the Section 4.2), calculated using the linear regression 278 of internal against external temperature for a low solar gain sample as described in Section 3.3. 279
HPLC estimate 280
The HPLC is estimated using the gradient of the power demand in the lower solar gain sample (eq. 16) 281 with respect to external temperature (eq. 14). 282 included both electricity and gas readings necessary for the Deconstruct method. The dwelling 296 metadata included a partial postcode, which was used to geo-reference the dwelling and allowing it 297 to be associated with weather data (see supplementary material). 298 Temperatures were resampled to daily averages, removing points where indoor temperatures were 303 below 0˚C or above 40˚C, and a dwelling mean temperature was calculated. The Government Office 304 Region (GOR) geographical identifier was used to link dwelling monitoring data with external 305 temperature and solar irradiance from the MetOffice. Weightings for each site were provided to 306 enable nationally representative distributions to be generated. 307 The Metoffice described NWP data as being more accurate at high resolutions than interpolated 311 weather station data, as it incorporated far more data sources (e.g. satellite data). 312
DATASETS
EFUS data
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RESULTS
313
The EFUS dataset was used to determine a value for for the UK. HPLC estimates were then made 314 for the dwellings in the EDRP-EDF dataset using this value. HPLC uncertainties were estimated using a 315
Monte-Carlo simulation approach. 316
Internal temperature model
317
A representative value of for England was estimated using English Follow Up Survey (EFUS) data. 318
The irradiance data associated with EFUS dwellings was used to produce site data subsets under low 319 solar gain conditions matching those used for estimating HPLC. was estimated for each EFUS site 320 as the slope of a linear regression of the internal temperature against external temperature. Values of 321 with standard error greater than 30% were filtered on the basis that the model was not 322 meaningfully calibrated in those cases; the resulting distribution is shown in Figure 4 . EFUS provided 323 per-site weightings which can be used to calculate nationally representative statistics using the 324 buildings sampled. A nationally representative value = 0.17 was calculated as the weighted mean 325 of the retained results. 326 327 Figure 4 : Distribution of for EFUS dwellings weighted by EHS-provided sample weights to obtain 328 nationally representative distribution, filtered to remove cases where standard error was >30%. 329
HPLC estimates
330
Of 780 dwellings in the EDRP-EDF dataset having both gas and electricity data, 654 met the data 331 quantity and quality requirements (the significant reduction in number due to poor data quality is a 332 common problem with energy data not collected under controlled conditions). was under 30%. The excluded sites can be considered to be inadequately modelled using this method. 337
This implies that a fraction of the building stock cannot be assessed using Deconstruct, nevertheless it 338 is possible to reliably determine which dwellings this method cannot be applied to. 339
The resulting distribution of HPLC values across all sites is shown in Figure 5 with descriptive statistics 340
in Table 2 Figure 6 shows the power and HPLC grouped by dwelling type for the EDRP-EDF and CHM. The pattern 361 of relative magnitudes of power and HPLC across dwellings types is similar, as the heat loss is a major 362 driver of total power demand. Flats and terraced houses tend to be more efficient than detached 363 houses due to differences in ratio of exposed surface area to dwelling volume and their smaller size as 364 HPLC is not normalised by floor area. 365
Overall, the good agreement between inferred and bottom-up HPLC values indicates that Deconstruct 366 produces a reasonable estimate of the HPLC. Further work is needed to investigate the differences 367 between the two estimates. As the EDRP-EDF sample is not nationally representative unlike the CHM, 368 part of the deviations stem from the greater diversity of dwellings in the CHM, while part will be 369 related to the difference between assumed and real building characteristics. 370
371
Figure 6: Comparison of mean yearly power demand and HPLC for EDRP-EDF (inferred using 372 Deconstruct), as well as the power and HPLC from CHM (bottom-up calculation), as a function of 373 dwelling type. 374 375 was estimated in addition to HPLC, however the uncertainties in this parameter were large -on 376 average 2˚C relative to typical mean internal temperatures in ranges of 15-25˚C. Furthermore, it was 377 found that was particularly sensitive to the assumption made for the base load gains . The mean 378 difference in estimate between setting = 0 and = 1 was 3˚C but could be as large as 10˚C. 379
This result indicated that further development is needed in order to produce reliable estimates. 380
Uncertainty 381
Two approaches were used to estimated HPLC uncertainty. A Monte Carlo (MC) approach described 382 by the Joint Commission for Guides in Metrology (JCGM) [61] was used to propagate uncertainty using 383 known input uncertainty distributions to numerically estimate the output uncertainty distribution. The 384 input distributions are described in Table 3 , the uncertainty in electricity metering is assumed to be 385 negligible. This was compared to the commonly used approximation of parameter standard deviation 386 estimated from the least squares optimiser covariance matrix, which is purely a measure of the 387 numerical stability of the result rather than a reflecting the propagation of input uncertainties. 388 Gas volume measurement 3% median error MC simulation using gas temperature and pressure error distribution Gas power Empirical distribution with 3% median error Combination of gas volume error and gas CV Total power 3% median error Combination of gas and electric power error External temperature
Standard deviation 1˚C
Distribution of difference between NWP and MIDAS temperature readings 391
For the MC model, 1,000 iterations were performed using the following steps: 392 1. For each run, a value of was selected from the EFUS distribution. 393 2. For each run, a percent deviation value for the meter and the altitude was randomly generated 394 from the corresponding Cumulative Distribution Function (CDF). 395 3. For each run, for each time-step of the power time series, a meter gas temperature percent 396 deviation was generated. The gas percent volume deviation was calculated. Total power 397 deviation was calculated from the percentage (assuming the electricity uncertainty to be zero) 398 and added to the total power time series. 
DISCUSSION
434
Deconstruct was successful in estimating HPLC for 70% of dwellings with an uncertainty of around 435 15%, with the value being stable across several years indicating that it is robust to inter-year weather 436 differences and is likely to be independent of occupant effects. This study required dwellings to have 437 at daily average data spanning least one year, with no more than 50% of missing data and no less than 438 5 data points existing in each sub-sample, together with location. The data collection length is 439 relatively long, however this allows for a simple and robust approach that is a good fit for smart meter 440 data, where there is little control over input data quality or data collection conditions. Accumulating 441 this data is simple if there is a national smart metering infrastructure. In the UK, smart meters already 442 store by default data for 13 months in their internal memory [64] . Deconstruct presents an 443 opportunity to derive considerable value from this data for both utilities and customers, and may also 444 be an important argument to help obtain the required consent from customers to make use of this 445 data. Alternatively, shorter sampling periods could be achieved through a more pro-active data 446 collection strategy, for example by sampling specific periods during winter and summer or controlling 447 the heating system in a structured way (for example using a smart heating system to perform a 448 controlled test when occupants are absent). 449
The thermal model of the dwelling is by necessity very simple, using a single thermal zone. The HPLC 450 was found to depend on the internal temperature model approximation for , but was robust to 451 changes in , and . Thermal bridging or transfer to the ground was not considered, because 452 suitable data is not expected to be collected for most dwellings. Deconstruct only provides estimates 453 of lumped dwelling parameters, which alone are insufficient to predict the effect of specific retrofits 454 (e.g. installing double-glazed windows). However, Deconstruct could be used to detect if retrofits had 455 resulted in the expected change in HPLC. 456
The HPLC combines the heating system and fabric efficiency. Although these values combined are 457 important for evaluating the overall energetic performance of a building, not being able to separate 458 the heating system efficiency introduces some limitations. Notably, in the case of heating by heat 459 pumps, the inferred HPLC will reflect mainly the high efficiency of the heating system and will not give 460 a good indication of the heat flow through fabric. Nevertheless, it will correctly evaluate heat-pump 461 equipped dwellings as being highly energy efficient overall. Since heat pump efficiency can be 462 The simple temperature model makes a number of fairly strong assumptions. Notably, it assumes that 473 the underlying daily temperature/heating pattern does not change significantly over the days selected 474 for the regression sample. There could be significant changes to the heating schedule related to 475 changes in occupancy. No attempt was made to construct an occupancy model. In theory, it should be 476 possible to develop a method of predicting occupancy level based on energy consumption data, for 477 example by looking for traces of appliance usage in electricity data. However, without a good labelled 478 dataset this is difficult to do with any rigour. It was found that the simple occupancy heuristic was 479 effective and that energy demand follows a reliable pattern across days without attempting to take 480 detailed occupancy profiles into account. The generally good performance of the physical model 481
suggested that occupant behaviour effects may not be significant for HPLC calculations, however in 482 this case an in-depth study of occupant behaviours was not performed. A possible approach for 483 investigating this would be to calculate HPLCs for dwellings with different occupants (for example 484 different tenants in rented accommodation). 485
One impact of not modelling occupancy is that metabolic gains are not accounted for and are assumed 486 to be stable and non-correlated with weather. Smart thermostats could provide valuable additional 487 information in this regard, as they are usually designed to adapt heating patterns to occupancy and 488 do so by using a range of methods to predict occupancy, such as drawing on data from smartphone 489
apps. 490
Wind speed might be expected to have an impact on energy demand but was not included in the 491 thermal model as preliminary analysis demonstrated that there was no significant dependence of 492 power demand on absolute wind speed. Similarly, precipitation was not found to be correlated with 493 power demand once temperature and solar gains were taken into account. 494
Secondary heating systems are used in 48% of UK dwellings [45] , these are predominantly gas or 495 electric. Since the energy use of these heating systems is metered there is no need for special 496 consideration for the dwelling energy balance. This highlights the importance of using total metered 497 energy demand to capture all heat sources. Approximately 10% of dwellings use solid fuel or 'other' 498 supplementary non-metered heating systems. It is not possible to model the contribution of non-499 metered energy to the thermal balance. 500
CONCLUSION
501
Using the Deconstruct method it was possible to infer dwelling Heat Loss Coefficients (HPLC) with a 502 median value of 0.28kW/˚C and uncertainty of 15%, using daily average smart meter data for one year 503 and dwelling location. A good agreement was found between the inferred HPLCs and the coefficients 504 provided by the CHM which were calculated bottom-up from building surveys. This demonstrates the 505 ability to non-intrusively estimate an indicator of thermal performance of a dwelling. The method was 506 demonstrated to work on a relatively large datasets (over 700 buildings). This was possible thanks to 507 the post-hoc control trial approach, which used the simplicity of accumulating smart meter data over 508 long periods to extract sub-samples optimal for estimating the HPLC. These results suggest that HPLCs 509 calculated using Deconstruct could form part of an 'empirical EPC', which could assess the as-built 510 performance of dwellings. 511
A UK nationally representative mean value of internal-external dwelling temperature slope parameter 512 = 0.17 was found using EFUS data. This value contributes to the calculation of the HPLC, and was 513 found to be a reasonable approximation for most dwellings, enabling estimates of HPLC without the 514 need for internal temperature monitoring. The EDRP-EDF dataset used in this research and therefore 515 the derived HPLC values were not nationally representative. In the future a nationally representative 516 sample such as EFUS could include smart-metered data and hence determine a nationally 517 representative estimate of as-built dwelling thermal efficiency. The Smart Meter Research Portal 518 (SMRP) is being developed to provide this type of data, which combined with Deconstruct will provide 519 valuable insights into building thermal performance for the research community [65] . 520
The UK government plans to enable access for companies and research to dwelling smart meter data 521 through the Data Communications Company (DCC), where occupants have provide opt-in consent, 522 facilitating easy access to large volumes of dwelling energy data in terms of number of dwellings and 523 length of period for which data is collected. The Deconstruct method is ideally placed to take 524 advantage of this data source to provide thermal performance estimates for dwellings and provide 525 additional value from meter data for utilities and occupants. Using such data sources would allow HPLC 526 estimates for connected dwellings to be updated each year. This could be relevant to support energy 527 policy making at the national or regional level by helping track the effect of policies over time. 528
Measuring the impact of dwelling retrofits could be particularly useful for consumers, who could 529 thereby obtain evidence of the effectiveness of their energy retrofit investments and could enable 530 performance-based retrofit contracting. 531
The Deconstruct method demonstrates cost-effective performance analysis on a large scale. This 532 approach is flexible and open to the incorporation of new data streams generated by the ever-533 increasing diversity of smart devices, appliances, and sensors. As such, it should offer a sound base on 534 which to build further research and analyse new datasets. The ability to measure dwelling thermal 535 performance on a large scale in a cost-effective manner could offer up-to-date information for 536 occupants to assist retrofit decisions, as well as help track the impact of policies across the building 537 stock. These factors would help reveal the inherent value-for-money of energy efficiency investments 538 -undoubtedly the simplest and most cost effective approach to reducing greenhouse gas emissions 539 and supporting a sustainable energy system, and also one with the most untapped potential. 540 
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